Abstract: Wind energy has many advantages, because it does not pollute and is an inexhaustible source of energy. The Double Fed Induction Generator (DFIG) is the most important generator used for Horizontal Axis Wind Turbine (HAWT). In this paper, a nonlinear controller is designed based on the Neural Input-Output Feedback Linearization Control ( N-IOFLC) for DFIG, to force the rotor currents to track specified reference defined form the desired active and reactive stator powers, using the fourth order model of the doubly-fed induction machine in (d, q) axis reference frame with stator currents and rotor currents components as state variables. The neural controller is based on a Recurrent High Order Neural Network (RHONN), trained with an Extended Kalman Filter (EKF). The RHONN works as an identifier to obtain an accurate model which is robust to disturbances and parameter variations. The DFIG stator is directly connected to the grid; the rotor is connected via a back to back converter. Computer simulation results obtained, using M atlab/Simulink ⋆ , confirm the validity and effectiveness of the proposed control approach.
INTRODUCTION
Wind energy has become a viable solution for production of renewable energy. The DFIG is a machine which has excellent performance and is commonly used for wind turbine, (Carlin et al. (2001) ). The connection of the DFIG rotor with the electric grid, through a back to back converter, allows the rotor speed to vary while synchronizing the stator directly to a fixed frequency, which is achieved by controlling the rotor magnetic field by means of rotor currents. Different control techniques have been proposed for this configuration. The most known control algorithm of DFIG is based on Field Orient control (FOC) , e.g. PI and polynomial RST controllers based on pole placement are proposed in F. Poitiers et al (2009) , sliding mode to control the active and reactive power is discussed in Ghedamsi et al (2010) , high order sliding mode based on super twisting algorithm to control the electromagnetic torque and reactive power is studied in Beltran et al (2012) ; Khemiri et al (2012) proposes a backstepping approach to control the rotor side converter and the grid side converter of the DFIG. In the last few decades many non-linear control methods based on nonlieaire model of DFIG have been arisen, e.g. In Ruiz-Cruz et al (2014) a block control technique combined with a sliding modes to control the electromagnetic torque and reactive power for a DFIG is proposed; Lan et al (2006) , an exact feedback linearization technique is applied to design a non-linear ⋆ M atlab, Simulink de 1994 − 2015 T he M athW orks, Inc.
controller, Farrokh et al (2010) , the non-linear controller is designed based on the input-output feedback linearization control technique, combined with a sliding-mode observer, to track the torque and flux reference signals in spite of stator and rotor resistance variations. Unfortunately, these approaches have their own merits but present some defects since structured uncertainties such as parameter variations, and/or unstructured uncertainties. Fundamental achievement at least 20 years are the Neural Networks (NN) techniques, which have shown a good promise as competitive methods for nonlinear control; their capacity for identification, observation, and control of non-linear systems has been investigated in online and off-line environments, (Yu (2009) ). Neural identification consists on the selection of an appropriate model and adjusting its parameters according to an adaptive law, such that the response of the neural model to an input signal approximates the response of the real system to the same input, (Alanis et al (2007) ). An EKF based algorithms have been introduced to the training of neural networks and the learning convergence can be improved. The main contributions of the present paper are: a) A RHONN identifier is proposed to approximate stator and rotor currents dynamics of DFIG, using EKF based algorithms to train the NN identifier. b) The InputOutput Feedback Linearization Control (IOFLC) based on a RHONN model of DFIG is designed to force the rotor currents to track specified references define from desired stator active power and stator reactive powers. c) The
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MATHEMATICAL PRELIMINAIRES

Input-output linerization using Lie algebra
The IOFLC means the generation of a linear differential relation between the output y and a new input v, then design u to cancel the non-linearity, (Wang et al (2012) ). A linear controller is systematically synthesized for the linear input-state model to impose the desired linear dynamics. We consider a standard affine non-linear Multi Input Multi Output (MIMO) system in a neighborhood of a point x 0 of the form, (Isidori (1995) , Wang et al (2012))
where x ∈ R n is the state vector, u ∈ R m is the control input vector, y ∈ R m is the output vector, f (x), g(x) and h(x) are the smooth and continuous vector fields. The input-output linearisation of a MIMO system is obtained via differentiating the output y i of the system until the input u j appears, assuming that r i is the smallest integer such that at least one of the inputs explicitly appears in y
where y (ri) i denotes the (r i ) th −ordre derivative of y i , L f is the Lie derivative of the function f , h i is the output to be controlled. Performing the above procedure for each output y i gives, (Isidori (1995) 
and
where D(x) is the m×m control gain matrix. Furthermore, if D(x) is invertible, the physical control law of a non-linear system is calculated immediately by
where v i are new inputs of the equivalent linear systems expressed as, (Wang et al (2012) )
since the input v i only affects the output y i it is called the decoupling control law, and the invertible matrix D(x) is called the decoupling matrix of the system.
Recurrent high order neural netwokrs
The RNN offers a better suited tool to model and control non-linear systems, (Sanchez et al (2008) ). Consider a RHONN consisting of n neurons and m inputs. Using Series-Parallel model, the state of each neuron is govemed by a differential equation of the form, (Elias et al (1995) ), when we apply a series-parallel representation, (Rovithakis et al (2000))
where χ i is the state of the i th neuron which identifies the i th component of state vector x, x i = [x 1 , · · · , x n ] is the state vector, I k = {I 1 , · · · , I L } is a collection of L not-ordered subsets of {1, 2, · · · , n, · · · , n + m}, a i , b i are real coefficients, w ik are the adjustable synaptic weights of the neural netork, and d j (k) are nonnegative integers. The state the i th neurone is again represented by x i and y = [y 1 , y 2 , · · · , y n , · · · , y n+m ]
T is the vector consisting of inputs to each neuron, defined by 
with ς is any real state variable; α and β are positive constants. We now introduce the L-dimensional vector z , which is defined as
and hence the RHONN model in (7) is rewritten aṡ
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